Abstract. Aiming at the problem of illumination variation and partial occlusion in the object tracking, a structural local mean and local standard deviation appearance model is proposed. The object image is divided into some blocks. In each block, the local mean and local standard deviation are calculated, then, a feature vector is composed. In order to weaken the effect of the partial occlusion, an adaptive weighted value is set to each feature component. The Native Bayesian theory is applied to track the object in affine transform space. The experimental results demonstrate that the proposed tracking method performs favorably against several state-of-the-art methods.
Introduction
Object tracking has been widely studied in computer vision because it is very important in many applications, especially for automated surveillance, traffic monitoring and human computer interface, etc [1] . Numerous tracking algorithms have been proposed during the past decades. However, it is still a very challenging problem to design a robust tracking method due to some factors, such as illumination changes, partial occlusions, pose changes, background clutter and scale variable [1, 2] . The current tracking algorithms can be categorized into generative [2, 3, 4] or discriminative [6, 7, 8, 9, 10, 11, 12] approaches. Generative tracking methods typically learn a model to represent the target object and then use it to search for the image region that is most similar to the target model. Black et al. [4] learned a subspace appearance model offline, which is difficult to adapt the appearance variations. Then some online models have been proposed such as the IVT method [3] . These generative models do not take into account background information [11] .
The discriminative methods formulate tracking as a classification problem which aims to distinguish the target from the background. Avidan [12] extends the optical flow approach with a support vector machine classifier for object tracking. Collins et al. [13] demonstrates that the most discriminative features can be learned online to separate the target object from the background. Grabner et al. [7, 8] proposed an boosting algorithm to track oject. Babenko et al. [9] introduce multiple instance learning into online tracking where samples are considered within positive and negative bags or sets. In 2010, a semi-supervised learning approach [10] is developed in which positive and negative samples are selected via an online classifier with structural constraints.
Recently, several tracking methods based on sparse representation have been proposed [5] , [14, 15] . Mei et al. [5] , [15] adopt the holistic representation of an object as the appearance model and then track the object by solving the ℓ1 minimization problem. Liu et al. [14] proposed a tracking algorithm based on local sparse model which employs histograms of sparse coefficients and the mean-shift algorithm for object tracking.
In this paper, we propose an adaptive weighted structural appearance model based on local mean (LM) and local standard deviation (LSD). The proposed appearance model divides the target image into some blocks with spatial structure, LM and LSD of each block are calculated. The appearance feature is formed with these LMs and LSDs with adaptive weighted values. To cope with partial occlusion, for each feature component, an adaptive weighted value is set. The Native Bayesian theory is applied to track the object in the affine transform space. 
3
Proposed Tracking Method 
Where, X denotes the set of the center coordinates of the negative samples image.
The proposed tracking method is carried out within the Native Bayesian [6] inference framework. The main steps of the proposed tracking method are summarized as following:
Input: t-th video frame 1. Computing affine transform parameters of candidate object images using formula (7), then, clipping the candidate object images. 2. Getting the feature vector of each candidate object image using formula (6). 3. Using the Native Bayesian classifier to find the tracking location. 4. Updating the weighted value of each feature component as formula (5). 5. Sampling the negative sample images using formula (8) and computing their feature vectors. 6. Updating the weighted value with formula (3). 7. Updating the parameters of the classifier. Output: The affine transform parameter of the tracking result and the parameters of the classifier.
Experiments and Discussion
The proposed tracking method is implemented in MATLAB 2010b on an Intel (R) 2.99 GHz Dual Core PC with 2GB memory. The tracked object image is resized to 32×32 pixels and is divided into 8×8 local blocks. The initial values of weighted value are set to be equal respectively. We tested our tracking method on several typical video sequences and compared it with CT tracker [6] , MIL tracker [9] , L1 tracker [15] and ASLSAM tracker [16] .
Quantitative Comparison
We evaluate the above mentioned algorithms using the center location error as well as tracking time. Table 1 shows the tracking time, the best and second best results are in red and blue fonts. Figure 1 shows the center location errors of the evaluated algorithms on some test sequences. 
Qualitative Comparison
Illumination Variation: Tracking result is heavily affected by illumination variation, especially for the trackers using the intensity as the features. Some representative tracking results on sequences with illumination variations are shown in figure 2. In the car4 sequence ( Fig. 2(a) ), there is significant illumination change when the car passes beneath the overpass. In the car11 sequence ( Fig. 2(b) ), the contrast between the target object and the background is low and the ambient light changes significantly. In the singer1 sequence (Fig. 2(c) ), the stage light changes drastically. In the davidin300 sequence ( Fig. 2(d) ), the target object undergoes large pose and illumination change. ASLSAM tracker can track the target due to its structural appearance model and tracking method based on sparse representation. The appearance model of our tracker is consisted of intensity and texture with different weighted value, which can weaken the effect of illumination variation, so it can track the target accurately and robustly. The other trackers, such as CT tracker, MIL tracker and L1 tracker are affected heavily by illumination variation.
Partial Occlusion: Partial occlusion is one of the most general yet crucial problems in object tracking. In the woman sequence ( Fig. 3(a) ), the target object undergoes pose variation together with long-time partial occlusion. In the threepastshop2cor sequence ( Fig. 3(b) ), the target is occluded by two people at times and one of them is similar in color and shape to the target. In the faceocc2 (Fig. 3(c) ) and dudek ( Fig. 3(d) ) sequences, the target object undergoes partial occlusion. Our tracker and ASLSAM tracker can track the target accurately due to the structural appearance model, while there are some shifts in other trackers.
Rotation: In the girl sequence, the target object undergoes out-of-plane rotations, pose change and scale variation. Some tracking results are shown in Fig. 4 . When the girl moves her head quickly, ASLSAM tracker fails. When the girl rotates her head, CT tracker and MIL tracker shift. L1 tracker and our tracker can track the target object well in the whole procedure.
Complex Background: The board sequence is challengeable as the background is cluttered and the target object experiences out-of-plane rotations (Fig. 5) . When the target moves quickly or rotates, most trackers drift away from the target. The ASLSAM tracker and our tracker are able to track the target better due to the use of structural appearance models. 
Conclusions
In this paper, we proposed a structural local mean and local standard deviation appearance model with adaptive weighted value and a simple but robust tracking method to illumination variant and partial occlusion. Experimental results compared with several state-of-the-art methods on some sequences demonstrate the effectiveness and robustness of our proposed method.
